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a b s t r a c t
Emissions of greenhouse gases and aerosols from human activities continue to alter the climate and likely
will have signiﬁcant impacts on the terrestrial hydrological cycle and water quality, especially in arid and
semiarid regions. We applied an improved Soil and Water Assessment Tool (SWAT) to evaluate impacts of
increased atmospheric CO2 concentration and potential climate change on the water cycle and nitrogen
loads in the semiarid James River Basin (JRB) in the Midwestern United States. We assessed responses of
water yield, soil water content, groundwater recharge, and nitrate nitrogen (NO3–N) load under hypothetical
climate-sensitivity scenarios in terms of CO2, precipitation, and air temperature. We extended our predictions
of the dynamics of these hydrological variables into the mid-21st century with downscaled climate
projections integrated across output from six General Circulation Models. Our simulation results compared
against the baseline period 1980 to 2009 suggest the JRB hydrological system is highly responsive to rising
levels of CO2 concentration and potential climate change. Under our scenarios, substantial decrease in
precipitation and increase in air temperature by the mid-21st century could result in signiﬁcant reduction
in water yield, soil water content, and groundwater recharge. Our model also estimated decreased NO3–N
load to streams, which could be beneﬁcial, but a concomitant increase in NO3–N concentration due to a
decrease in streamﬂow likely would degrade stream water and threaten aquatic ecosystems. These results
highlight possible risks of drought, water supply shortage, and water quality degradation in this basin.
Published by Elsevier B.V.

1. Introduction
Climate change occurs naturally, but human population growth and
associated land-cover conversion (e.g., deforestation) and burning of
fossil fuel have substantially accelerated the increase of greenhouse
gases (CO2, CH4, N2O, etc.). Elevated concentrations of CO2 and other
greenhouse gases from anthropogenic activities have caused warming
of the global climate by modifying radiative forcings, and continued
changes likely will result in climate shifts (Houghton et al., 2001; Stone
et al., 2001).
Elevated atmospheric CO2 concentration directly affects plant growth,
which inherently is tied with the hydrological cycle (Eckhardt and
Ulbrich, 2003; Ficklin et al., 2009), through lowered rates of stomatal
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conductance and increases in leaf area (Field et al., 1995; Medlyn et al.,
2001; Morison, 1987; Saxe et al., 1998; Wand et al., 1999). Decreased
stomatal conductance could reduce evapotranspiration (ET) (Stockle et
al., 1992b), whereas increased leaf area could contribute to increases in
ET (Kergoat et al., 2002; Pritchard et al., 1999), potentially offsetting the
reduction in stomatal conductance to some degree (Betts et al., 1997;
Kergoat et al., 2002). Many studies have indicated that combined effects
from elevated CO2 concentrations may lessen ET, resulting in increased
runoff (Betts et al., 2007; Eckhardt and Ulbrich, 2003; Gedney et al.,
2006; Leipprand and Gerten, 2006). However, global warming can
increase the ability of air to absorb water as temperatures rise, suggesting
increases in potential evapotranspiration (PET) (Jha et al., 2006).
A further consequence of elevated concentrations of greenhouse
gases may be changes in spatiotemporal distribution and magnitude of
precipitation (Bates et al., 2008; Eckhardt and Ulbrich, 2003; Houghton
et al., 2001; Labat et al., 2004; Zhou et al., 2011). For example, Labat et
al. (2004) identiﬁed a link between global warming and intensiﬁcation
of the hydrological cycle at the global scale using a statistical waveletbased method; although, there has been disagreement on the strength
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of the evidence (Labat et al., 2005; Legates et al., 2005). However, such
intensiﬁcation has been demonstrated through long-term observations
in an intact forested watershed in Southern China (Zhou et al., 2011),
which exhibited intensiﬁed rainfall and a rise in the water table despite
more annual days without rain, no gain in soil moisture, and no clear
change in annual total rainfall. This shift in climatic characteristics
simultaneously exacerbated ﬂooding (from intensiﬁed rainfall) and
drought (from substantial decrease in soil moisture) (Zhou et al., 2011).
Many studies based on observations and modeling have implied
increased CO2 concentrations and climate change have signiﬁcant
impacts on hydrological systems (Gedney et al., 2006; Jackson et al.,
2001; Jha et al., 2006; Koster et al., 2004; Labat et al., 2004; Piao et
al., 2009; Schaake, 1990; Wu et al., 2012; Zhou et al., 2011). These
potential impacts can be quantiﬁed for a speciﬁc watershed using
hydrological models with hypothetical climate-sensitivity scenarios
or future climate projections derived from General Circulation Models
(GCMs). This proactive approach highlights environmental concerns
of interest for resource management and policy decisions. For
example, the physically-based Soil and Water Assessment Tool
(SWAT) (Arnold et al., 1998; Neitsch et al., 2005) has been widely
used for evaluating climate-change effects on hydrological processes
and nonpoint source pollution at watershed scales (Chaplot, 2007;
Ficklin et al., 2010, 2009; Fontaine et al., 2001; Jha et al., 2006;
Vicuna et al., 2007; Wilson and Weng, 2011; Xu et al., 2009; Young
et al., 2009). Wu et al. (2012) modiﬁed SWAT (version 2005) to
improve representation of more mechanistic vegetation type
responses (stomatal conductance reduction and leaf area increase)
to elevated CO2 concentrations. For the current study, we used this
modiﬁed version of SWAT to assess climate-change effects on the
water cycle and nitrate nitrogen (NO3–N) loads in the James River
Basin (JRB), a large semiarid basin in the midwestern United States.
We quantiﬁed the sensitivity of hydrological/water quality responses to
climate change with a group of climate-sensitivity scenarios including
CO2, precipitation, and air temperature changes. We then assessed
potential impacts of climates with downscaled and debiased climate
projections integrated across output from six GCMs under three different
scenarios of greenhouse gas emissions by the mid-21st century.
2. Materials and methods
2.1. Study area
The James River is a tributary of the Missouri River in the United
States. This river begins in North Dakota and runs south into South
Dakota before intersecting with the Missouri River. The streamﬂow
and water quality gage (USGS gage number: 6478500) near Scotland,
South Dakota, is located close to the mouth of the James River,
monitoring a drainage area of about 53,490 km 2 (Fig. 1). The JRB is
part of the semiarid Northern Great Plains in the United States and
receives an average of 528 mm of precipitation annually based on
the 49-year (1961–2009) precipitation data available for this basin
(http://www.ncdc.noaa.gov). The average annual discharge near
Scotland is 24 m 3/s, according to streamﬂow gaging data for the
same period (http://waterdata.usgs.gov/nwis/sw).
2.2. SWAT and its modiﬁcation
The SWAT model was developed by the U.S. Department of
Agriculture (USDA) Agricultural Research Service (Arnold et al.,
1998), for exploring the effects of climate and land management
practices on water, sediment, and agricultural chemical yields. This
physically-based watershed model simulates the hydrological cycle,
cycles of plant growth, transportation of sediment, and agricultural
chemical yields on a daily time step (Arnold et al., 1998). The
hydrological part of the model is based on the water-balance equation
in the soil proﬁle, with terms representing processes of precipitation,
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surface runoff, inﬁltration, evapotranspiration, lateral ﬂow, percolation,
and groundwater ﬂow (Arnold et al., 1998; Neitsch et al., 2005). We
selected the Penman–Monteith method to estimate PET for this study.
SWAT incorporates the Erosion Productivity Impact Calculator
(EPIC) (Sharpley and Williams, 1990; Williams, 1995) for simulating
crop growth that inﬂuences the hydrological cycle. Thus, impacts of
vapor pressure deﬁcit and radiation-use efﬁciency on leaf conductance
and plant growth (Stockle et al., 1992a, 1992b) are addressed in SWAT
(Neitsch et al., 2005). In a previous study (Wu et al., 2012), we
improved the SWAT model (version 2005) by representing vegetation
type speciﬁc responses (stomatal conductance reduction and leaf area
increase) to elevated atmospheric CO2 concentrations with information
from a number of physiological studies. For major land-cover types such
as cropland, forest (mixed), and grassland, the percent change for
conductance reduction under a doubling of CO2 concentration (i.e.,
from 330 ppm to 660 ppm) is 40%, 16%, and 26%, respectively; and the
percentage for leaf area increase is 37%, 7%, and 20%, respectively. This
percent change is assumed to be linear over the entire range of CO2
concentrations between 330 ppm and 660 ppm (Morison and Gifford,
1983). Further details about model modiﬁcation have been described
in Wu et al. (2012). We also incorporated long-term (1960–2009)
observed CO2 concentrations into the model to help detect the historical
impacts of the increased CO2 in past decades (Wu et al., 2012). We
applied this modiﬁed version of SWAT for the current study to
represent more accurately the effects of elevated CO2 concentrations
on the hydrological cycle in the JRB.
2.3. Model input and setup
We used ArcSWAT (Winchell et al., 2009), a Geographic
Information System interface, to automate development of model
input parameters. We obtained elevation data from the National
Elevation Dataset (http://ned.usgs.gov) and resampled the cell
resolution from the native 10 m to 90 m for deriving subbasins. This
discretization resulted in 83 subbasins for the JRB. We combined
information from the 30-m 2001 National Land Cover Database
(Homer et al., 2007) for non-agricultural areas with the 56-m USDA
National Agricultural Statistics Service (NASS) cropland data layer
(Craig, 2010) for agricultural areas as land-cover input for model
parameterization. We applied the multiple Hydrological Response
Unit (HRU) model option in SWAT to represent land uses and soil
types as separate HRUs within a subbasin, resulting in discretization
of 1144 HRUs for the JRB. We obtained daily precipitation and air
temperature data from the National Climatic Data Center (http://
www.ncdc.noaa.gov) and generated daily values for solar radiation,
wind speed, and relative humidity with the SWAT model weather
generator using the multiyear average monthly statistics provided
within the SWAT database.
We examined four years of NASS cropland maps (2006–2009) to
identify the dominant crop rotations occurring on agricultural lands
in the basin. We used the multiyear (1991–2007) average nitrogen
fertilizer application rate of 109 kg N/ha (98 lb/ac) (http://www.ers.
usda.gov/Data/FertilizerUse) to parameterize the model. We
consulted the literature (Jha et al., 2010; Thomas et al., 2009) for
planting and harvesting dates for corn and soybean, the most
widespread row crops in the JRB. We omitted irrigation practices in
the model because the irrigated area only accounts for less than 1%
of the basin area (Pervez and Brown, 2010; USGS, 2002).
2.4. Model calibration and validation
Many hydrological models contain parameters that cannot be
determined from ﬁeld measurements directly (Beven, 2001).
Therefore, model calibration is used to adjust such parameters to
optimize the agreement between observations and simulations
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Fig. 1. Location of the James River Basin.

(Tolson and Shoemaker, 2007; Zhang et al., 2009). We calibrated the
SWAT model with ten-year (1991–2000) records of monthly
streamﬂow and NO3–N load collected from the gage near Scotland
(Fig. 1), then validated output with data collected for the subsequent
nine years (2001–2009). A three–year (1988–1990) warm-up period
was used to minimize the impacts of uncertain initial conditions (e.g.,
soil water storage) in the model simulation. The model also was
validated with data for the 30-year timeframe of 1980–2009, which
was the baseline period for assessing climate-change impacts in the
basin (see Section 2.5).
We selected eight parameters for model calibration in this basin
based on the literature review related to SWAT model calibration
(Arabi et al., 2008; Muleta and Nicklow, 2005; Santhi et al., 2001)
(Table 1). The parameter sensitivity analysis showed CN2, ALPHA_BF,
SURLAG, and ESCO are the most sensitive parameters. We then used
the auto-calibration procedure (Green and van Griensven, 2008; van
Griensven et al., 2006), which incorporates the Shufﬂed Complex
Evolution algorithm developed by the University of Arizona (SCEUA) (Duan et al., 1992) to optimize the parameters across the basin
until an acceptable ﬁt was obtained between the observation and
simulation. The criteria we used to assess model performance
included Percentage Bias (PB), Nash–Sutcliffe Efﬁciency (NSE) (Nash
and Sutcliffe, 1970), and R 2, and the corresponding equations can be
found in Appendix A.
2.5. Climate-sensitivity scenarios
A sensitivity analysis can provide valuable insights into the
magnitude of responses of hydrological systems to various
components of climate change (Arnell and Liv, 2001). This approach

generally relies on a baseline scenario to reﬂect current conditions.
We used climate data for the past 30 years (1980–2009) to deﬁne
baseline conditions under an average atmospheric CO2 concentration
of 361 ppm (NOAA/ESRL, 2010) for the timeframe. We designed a
sensitivity analysis to assess hydrological responses to changing
levels of CO2, precipitation, and air temperature, altering the level of
one variable while holding the others constant (see Table 2). A
doubled CO2 concentration (i.e., 722 ppm) is expected by the end of
the 21st century under the A1B greenhouse gas emission scenario
(IPCC, 2001). We ran nine sensitivity scenarios in addition to the
baseline scenario for the 30-year timeframe.

Table 1
Calibrated parameter values for the James River Basin.
Parameter Description

Range

Calibrated
value/change

CN2

− 15%–
+ 15%
0.1–3.0
0.1–1.0
0.01–1.0
0.001–
0.08
0.014–
0.16
0.0–1.0
–

− 14%a

SCS curve number for moisture condition
II
SURLAG
Surface runoff lag coefﬁcient
ESCO
Soil evaporation compensation factor
EPCO
Plant uptake compensation factor
ALPHA_BF Baseﬂow alpha factor (day)
CH_N2

Manning's n for main channel

NPERCO
CMN

Nitrogen percolation factor
Rate factor for humus mineralization of
active organic nitrogen

a

CN2 changed − 14% relative to the default values.

1.0
0.6
0.433
0.048
0.15
0.301
0.00003
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Table 2
Climate-sensitivity scenarios for annual average conditions relative to reference
conditions.
Scenario

CO2 concentration
(ppm)

Precipitation change
(%)

Temperature increase
(°C)

Reference
1
2
3
4
5
6
7
8
9

361
1.5 × CO2 = 542
2.0 × CO2 = 722
361
361
361
361
361
361
361

0
0
0
+ 10
+ 20
− 10
− 20
0
0
0

0
0
0
0
0
0
0
+1
+2
+4

2.6. Downscaling of climate projections
To assess hydrological effects of potential future climate trajectories,
we developed a set of gridded map layers for monthly precipitation and
air temperatures for 2040–2069 with output from a set of GCMs
parameterized to respond to three greenhouse gas emissions scenarios
deﬁned by the Intergovernmental Panel on Climate Change (IPCC, 2000,
2006), including B1 (medium-paced technological change, with
emphases on environmental sustainability, globalization, low energy
use, and high rates of land-use change), A1B (rapid-paced technological
change, with emphases on economic growth, globalization, very high
energy use, and low rates of land-use change), and A2 (slow-paced
technological change, with emphases on economic growth, regional
development, high energy use, and medium to high rates of land-use
change). Native spatial resolution of GCM output is coarse, so we
applied a downscaling program modiﬁed from Hay et al. (2011) to
generate large-area climate surfaces at 4-km spatial resolution and a
monthly time scale. The modiﬁed program (also developed by Hay
and colleagues) implemented the change-factor approach described in
Tabor and Williams (2010), which we calibrated for a baseline period
of 1961–1990, the interval recognized by the World Meteorological
Organization. The program developed a climatology for the baseline
period from twentieth-century output from each GCM. Change factors
then were calculated based on comparing a GCM's prediction for a
future period with the departure from its prediction for the baseline
period. This addressed bias that would be realized comparing a model's
output for a future period with actual (observed) baseline data.
Resulting change ﬁelds were downscaled spatially with bilinear
interpolation to ﬁt ﬁner-scaled geospatial patterns of observed data
matching the baseline period. This simple downscaling technique can
be applied over extensive areas and can perform as well as more
sophisticated methods when the goal is to assess changes in mean
climate (Fowler et al., 2007); however, a weakness of the technique is
the assumption future geospatial patterns of climate surfaces will
mimic those of the past. We obtained monthly climate surfaces from
the PRISM Climate Group (http://www.prism.oregonstate.edu) and
used cell centers to represent “observed” monthly climate patterns for
the baseline period. Our resultant dataset of downscaled projections
thus matched the spatial resolution (4 km) of the PRISM surfaces.
Our version of the Hay et al. model (2011) provided downscaled
output from six GCMs (BCCR-BCM2, CCSM3, CSIRO3.0-Mk, CSIROMk3.5, INM-CM3.0, and MIROC3.2; see http://www.ipcc-data.org/
gcm/monthly/SRES_AR4/index.html). We developed a multi-model
ensemble averaged across output from all six GCMs. Combining
output across multiple GCMs can provide more reliable
representation of regional changes and uncertainties than result
from single models by reducing the inﬂuences of weaknesses or
biases inherited from individual models (Gleckler et al., 2008;
Lambert and Boer, 2001; Pierce et al., 2009; Tebaldi and Knutti,
2007). We calculated the mean output across models for each
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monthly time step and 4-km grid cell for each of the three IPCC
emissions scenarios.
We extracted the climate projection data from grid cells in which
climate gaging stations were located as input to SWAT. For input of
atmospheric CO2 concentrations to SWAT, we used mean values for
2040 to 2069 (494 ppm for the B1 scenario, 551 ppm for the A1B
scenario, and 562 ppm for the A2 scenario) derived based on decadal
CO2 concentration (IPCC, 2001).
3. Results
3.1. Model evaluation
The graphical comparisons of monthly and annual simulated
streamﬂow and NO 3–N load against those observed during the 30year (1980–2009) baseline simulation period, including ten-year
(1991–2000) calibration and nine-year (2001–2009) validation, are
shown in Fig. 2. The monthly streamﬂow simulations matched well
with the observations, although two peak ﬂows (e.g., 1995 and
1997) were underestimated and two peak ﬂows (e.g., 1991 and
1993) were overestimated during extreme high-water years
(Fig. 2a). Results from the statistical evaluation with the three
numeric criteria including PB, NSE, and R 2 (Appendix A), are listed
in Table 3. The NSEs for monthly streamﬂow simulation were 0.55,
0.67, and 0.45 for the ten-year calibration, nine-year validation, and
30-year baseline periods, respectively. Model performance was
notably better for annual streamﬂow (0.75 for calibration, 0.79 for
validation, and 0.72 for baseline). The model tended to underpredict
streamﬂow for the calibration (PB = −18.4) and validation (PB =
−7.4) periods, but performed quite well for the 30-year baseline
period (PB = 0.8). For NO 3–N simulation (Fig. 2c,d), NSEs for monthly
simulation were 0.60, 0.67, and 0.50 for the calibration, validation,
and 30-year baseline periods, respectively, and better for the annual
simulations (0.80 for calibration, 0.77 for validation, and 0.70 for
baseline). The PB was best for the calibration period for modeling
NO 3–N, with weaker performance for the validation periods
(PB = 18.9 for validation and PB = 20.8 for baseline). From this set
of evaluations we considered overall model performance for
streamﬂow and NO 3–N simulation to be satisfactory for conducting
the climate change sensitivity assessment.
3.2. Climate sensitivity
3.2.1. CO2 concentration
Scenarios 1 and 2 shown in Table 2 indicate increases of 50% and
100% for the atmospheric CO2 concentration, with no changes in
precipitation and air temperature. These two scenarios were
simulated using our modiﬁed SWAT model (Wu et al., 2012), which
incorporated variable stomatal conductance reduction and leaf area
increase speciﬁc to vegetation type. Fig. 3a–d depicts simulated
monthly average water yield, soil water content, groundwater
recharge, and NO 3–N load under the baseline conditions and
increased CO2 concentrations. Water yield herein refers to the sum
of the three hydrological components—overland surface runoff,
subsurface lateral ﬂow, and groundwater baseﬂow—that contribute
to the water production from an HRU. The higher atmospheric CO2
concentration resulted in higher water yield and soil water content,
along with corresponding increases in groundwater recharge and
NO 3–N load. The net effect of reduced stomatal conductance and
increased leaf area per unit increase of CO2 reduced ET. As shown in
Fig. 3a,c, this kind of vegetation response (evident through increased
water yield and groundwater recharge) to elevated CO2 is more
pronounced in the growing season, especially from May to July.
Table 4 indicates annual ET will decline by 3% (about 16 mm) under
a doubling of atmospheric CO2 concentration (i.e., 722 ppm), which
is expected by the end of the 21st century under the A1B greenhouse
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Fig. 2. Monthly and annual time series comparison of simulated versus observed streamﬂow (a and b) and NO3–N (c and d) at the basin outlet (near Scotland, South Dakota) during
the 30-year simulation (1980–2009) period.

gas emission scenario (NOAA/ESRL, 2010). Reduced ET will lead to a
26% increase in soil water content and a 49% increase in water yield,
resulting in a 67% increase in groundwater recharge and a 40%
increase in NO3–N load. Damper soil can raise the water yield by
generating more surface runoff, subsurface lateral ﬂow, and seepage
from soil to shallow aquifer, eventually contributing to the
streamﬂow with NO3–N transport.
3.2.2. Precipitation
Scenarios 3 through 6 reﬂect precipitation changes of +10%,
+20%, − 10% and − 20% while holding the baseline CO2
concentration (361 ppm) and air temperature unchanged. As shown
in Fig. 3e–h and Table 4, increases or decreases in precipitation
could lead directly to corresponding directional changes in water

yield, soil water content, groundwater recharge, and NO 3–N load.
For example, annual average water yield changes of 59%, 133%,
−42%, and − 69% corresponded with changes implemented for
annual precipitation (Table 4). For water yield, however, substantial
increases or decreases of precipitation during the wet season
(Fig. 3e), especially from May to August, highlight concerns about
risks to ﬂood and drought in this basin. Fig. 3f indicates a nearly linear
change in monthly soil water content in response to changes in
precipitation, and annual average soil water content could increase
as much as 33% or decrease as much as 41% under precipitation
scenarios of 20% increase or decrease, respectively (Table 4). The
absolute response of groundwater recharge is marked during the
wet season; ±10% change in precipitation could cause nearly +70%
or − 50% changes in annual groundwater recharge (Fig. 3g). Similarly,
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than is water yield Fig. 3e,f, which can be caused by the limited
water-holding capacity of the soil. This emphasizes the importance
of ﬂood mitigation under a scenario of increased precipitation.

Table 3
Evaluation of model performance in streamﬂow and NO3–N simulation at the basin
outlet (near Scotland, South Dakota) during ten-year calibration (1991–2000), nineyear validation (2001–2009), and 30-year baseline (1980–2009) periods.
Period

Time
scale

Streamﬂow
(m3/s)

Mean

R2

− 18.4 0.55
0.75
− 7.4 0.67
0.79
0.8 0.45
0.72
2.3 0.60
0.80
18.9 0.67
0.77
20.8 0.50
0.70

0.56
0.84
0.67
0.81
0.51
0.74
0.61
0.85
0.68
0.80
0.51
0.74

3.2.3. Air temperature
Scenarios 7 through 9 represent increases of 1 °C, 2 °C, and 4 °C for
average air temperature while holding other climate elements
constant (Table 2). Soil water content is little affected by a unit
temperature rise of 1 °C, but is more sensitive to larger temperature
rises (Fig. 3j). Higher temperatures will result in signiﬁcant decreases
in soil water content owing to increased ET (Fig. 3i–l). The drier soil
then could cause reduction in water yield, groundwater recharge, and
NO3–N load because it affects the surface runoff, subsurface lateral ﬂow,
and baseﬂow, as stated previously. A small rise in the NO3–N load in
December and January can be attributed to the increased surface runoff
resulting from increased snow melt in winter (Fig. 3l). Water yield and
groundwater recharge reductions caused by rising temperatures are
more substantial in the wet season (Fig. 3i,k), especially from May to
August when plant growth responses are more signiﬁcant.
Annual average soil water content is projected to decline by 5% to
49% when increases in the air temperature range from 1 °C to 4 °C
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46.9
Annual
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32.2
Annual
Baseline
Monthly
32.0
Annual
Calibration Monthly 830.6
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Validation Monthly 522.7
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Monthly 579.9
Annual

NO3–N
(kg/d)

PB (%) NSE

38.2
29.8
32.2
849.4
621.2
700.05

a change of nearly + 60% or −50% for NO3–N load could result from
±10% change in precipitation (Fig. 3h and Table 4). Interestingly,
soil water content is much less responsive to increased precipitation
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Fig. 3. Comparison of simulated monthly water yield, soil water content, groundwater recharge, and NO3–N load under different CO2 concentrations (a–d), precipitation change
scenarios (e–h), and air temperature increase scenarios (i–l).
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Table 4
Predicted relative changes (percent of baseline levels) in annual average hydrological components with climate‐sensitivity scenarios and GCM projection scenarios.
Refa

Terms

Climate sensitivityb
CO2
× 1.5

GCMc
Precipitation (%)

×2

Air temperature (°C)

+ 10

+ 20

− 10

− 20

+1

+2

+4

59
7
18
69
58

133
13
33
152
142

− 42
−8
− 20
− 49
− 40

− 69
− 16
− 41
− 78
− 64

− 14
1
−5
− 19
− 14

− 42
3
− 24
− 58
− 31

− 68
5
− 49
− 91
− 55

B1

A1B

A2

− 61
−5
− 37
− 77
− 49

− 68
−4
− 45
− 87
− 54

− 70
−4
− 48
− 89
− 55

Percent change
WY
ET
SW
GR
NO3–N

28
533
98
14
0.05

19
−1
12
27
14

49
−3
26
67
40

a

Ref means hydrological components with reference scenario.
Climate sensitivity means the SWAT simulations with climate-sensitivity scenarios.
GCM refers to the SWAT simulations with the averaged GCM-ensemble under the A1B greenhouse gas emission scenario; WY is water yield (mm/yr); ET is evapotranspiration
(mm/yr); SW is soil water content (mm); GR is groundwater recharge (mm/yr); NO3–N is nitrate nitrogen load (kg/ha). Positive and negative signs refer to increases and decreases,
respectively.
b
c

(Table 4). Similarly, water yield may decrease by 14% to 68%,
groundwater recharge may decrease 19% to 91%, and NO3–N load
may decrease by 14% to 55% under the same changes in air
temperature. These results indicate global warming may lead to
serious water shortages in this basin.

are listed in Table 4. Under scenarios B1, A1B, and A2, annual water
yield in this basin will decrease dramatically (about 61% to 70%)
(Fig. 5a and Table 4), principally because of the projected decreases
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We applied the downscaled, multi-model ensemble GCM outputs
with the projected CO2 concentrations (see Section 2.5) as climate
inputs for the modiﬁed SWAT model (Wu et al., 2012) to investigate
hydrological effects of potential future climates for the mid-21st
century. Basin average monthly precipitation and air temperatures
for baseline conditions (1980–2009) and future projections
(2040–2069) under three greenhouse gas emission scenarios are
shown in Fig. 4. The comparison indicates a decrease of 8.5% to 9.0%
in precipitation and increase of 1.9 °C to 3.1 °C among the three
emission scenarios. Multiyear (2040–2069) average monthly results
(water yield, soil water content, groundwater recharge, and NO3–N)
simulated by SWAT for the whole basin are presented in Fig. 5, and
the annual average percent changes relative to the reference scenario

Groundwater recharge (mm)

3.3. Projected climate-change effects

Water yield (mm)

6.0
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d
9
6
3
0
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Fig. 4. Basin average monthly precipitation (a) and air temperature (b) under the
baseline conditions (1980–2009) and projections (2040–2069) averaged across output
from six GCMs under three greenhouse gas emission scenarios (B1, A1B, and A2).

Fig. 5. Comparison of simulated water yield (a), soil water content (b), groundwater
recharge (c), and NO3–N load (d) under emission scenarios B1, A1B, and A2.
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in precipitation and increases in air temperature. Annual soil water
content and groundwater recharge could be reduced by about 37%
to 48% and 77% to 89% (Fig. 5b,c, and Table 4), respectively, by the
mid-21st century. The substantial decrease in groundwater recharge
could directly reduce the aquifer storage. NO3–N load was projected
to decline 49% to 55% (Fig. 5d and Table 4); however, NO3–N
concentration in stream water would increase 55% to 70% as the
amount of water in the river channel decreased.
We also compared spatial distributions (at the HRU level) of the
four hydrological variables (water yield, soil water content,
groundwater recharge, and NO3–N load) under baseline conditions
(see Fig. 6a,c,e,g) and projected climate conditions (see Fig. 6b,d,f,
h), and present outcomes from the A1B scenario here as an example.
Results show that the relatively higher annual water yield in the midbasin area under baseline conditions may decline to a level
comparable with other parts of the basin under the projected climate
(Fig. 6a,b). This could reduce the spatial variability of the annual
water yield by 23% in terms of the standard deviation (a shift from
47.8 to 36.4 mm). The projected climate also could reduce the annual
soil water content substantially, with an average decrease of 38% over
the entire basin and a corresponding decrease of 32% in the standard
deviation of the spatial variability (Fig. 6c,d). Moreover, areas in the
upper and lower basin may experience severe drought with this
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climate scenario (Fig. 6d). The reduced soil water content could lead
to a signiﬁcant decrease in groundwater recharge (Fig. 6e,f), with an
associated reduction of 31% in the standard deviation of the spatial
variability in recharge across the basin. Basin average NO 3–N load
would decrease by about 31% due to the reduction in water yield,
with substantial decrease occurring on higher nitrogen load areas
(mid-basin) (Fig. 6g,h).
4. Discussion
4.1. Model performance
We identiﬁed substantial differences between observed and
modeled peak ﬂows (e.g., 1991 and 1993), maybe because the limited
number of rainfall gages are not sufﬁcient to reﬂect spatial patterns of
rainfall over such a large basin for certain years. We noted an
underestimation for 1997, possibly attributed to the intensiﬁed
rainfall (at a smaller time scale like hours) that year causing high
streamﬂows despite an overall moderate amount of annual
precipitation (Fig. 2b) (see also (Zhou et al., 2011)). Although the
above factors contributed to relatively low model efﬁciency, the
monthly streamﬂow simulations can be evaluated as “satisfactory”
(NSE > 0.5 and |PB| ≤ 25%) and “good” (NSE > 0.65 and |PB| ≤ 15%)

Fig. 6. Comparison of the spatial distributions of water yield (a versus b), soil water content (c versus d), groundwater recharge (e versus f), and NO3–N load (g versus h) under
baseline conditions (upper panels) and the climate projected with the A1B scenario (lower panels). These four hydrological variables represent average annual results for the
30-year baseline period (1980–2009) and projection period (2040–2069).
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for calibration and validation periods, respectively, based on the
performance ratings of Moriasi et al. (2007), which assume typical
uncertainty in observations. Because our climate-change study
focuses on long-term (30 years) impacts rather than impacts from
single events or a few years, the model performance can be deemed
acceptable for this study, especially given our use of multiyear
average simulation results.
4.2. Climate change impacts
As stated previously (see Section 2.6), an explicit assumption with
the downscaling technique we used is that future geospatial patterns
of climate will be the same as those of the past. There is no way to
know how such patterns will change in the future within the JRB,
but information from the past provides at least one plausible
(documented) way to distribute geospatial patterns. The accuracy of
the GCM projections is unknown, although the averaged results
indicate a decrease in precipitation and an increase in air
temperature. If the annual precipitation in the JRB decreases as
expected from the GCM multi-model ensemble, even under the A1B
scenario the decline in groundwater recharge (see Table 4) would
be a critical concern for stream water availability especially in the
dry season when baseﬂow is the dominant contributing source. This
can be revealed by the low level of dry season water yield as shown
in Fig. 5a. Although a related substantial decrease in NO3–N load
appears to be a beneﬁt, the increase in NO3–N concentration in
stream water as water yield decreased would result in degraded
water quality. Overall, the projected decreases in soil water content,
groundwater recharge, and water yield, and the increase in NO3–N
concentration would pose potential threats for crop production and
water quantity and quality in this basin.

the hydrological system in this semiarid basin is highly responsive.
For example, water yield, soil water content, groundwater recharge,
and NO 3–N load could increase about 49%, 26%, 67%, and 40%,
respectively, under a doubling of CO2 concentration. Nearly linear
responses in levels of water yield (−69% to 133%) and soil water
content (−41% to 33%) were predicted when precipitation changes
ranged from −20% to + 20% relative to 1980–2009 baseline levels.
All four hydrological components could decrease substantially with
rises in air temperature.
Climate trajectories for three greenhouse gas emission scenarios
(B1, A1B, and A2) for 2040 through 2069 suggest decreases in
precipitation ranging from 8.5 to 9.0% and increases in air
temperature ranging from 1.9 to 3.1 °C. Under these climate
conditions, hydrological components could be altered considerably.
Soil water content, water yield, and groundwater recharge could
decrease over 61%, 37%, and 77%, respectively, and changes in the
spatial distribution of these characteristics would have differential
impacts across the basin. Although the NO 3–N load may decrease
more than 49%, the projected increase of about 55% in NO 3–N
concentration in stream water would be of concern for water quality
and the aquatic environment.
No one knows with certainty how climate change will play out
over the coming decades, given the myriad interactions in the Earth's
environment, but modeling assessments such as we have undertaken
offer advanced insights into potential ranges for consequences. Our
combined analyses of sensitivity of hydrological components to
climate change and the effects of different scenarios of future climate
on the direction, magnitude, and spatial distribution of hydrological
responses provide needed input for consideration towards watershed
management and policies.
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Appendix A
We adopted widely accepted criteria to assess the SWAT model
performance against observations.
(I) The Percentage Bias (PB) measures the average difference
between measurements and model simulations. The optimal value
of PB is 0.0, with low-magnitude values indicating accurate model
simulation and positive or negative values indicating overprediction or under-prediction bias, respectively:
!
n
Y i;sim −Y i;obs
1X
PB ¼
 100
n i¼1
Y i;obs

(II) The Nash–Sutcliffe Efﬁciency (NSE) (Nash and Sutcliffe, 1970)
measures the goodness of ﬁt and approaches unity if the simulation
is satisfactorily representing the observations. The NSE describes the
explained variance for the observed values over time that is
accounted for by the model (Green and van Griensven, 2008). If the
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efﬁciency becomes negative, model predictions are worse than a
prediction performed using the average of all observations:
n 
P

Y i;sim −Y i;obs

2

NSE ¼ 1− i¼1
2
n 
P
Y i;obs −Y obs
i¼1

(III) The R 2 evaluates how accurately the model tracks the
variation of the observed values. It can reveal the strength and
direction of a linear relation between the simulation and observation.
The difference between the NSE and the R 2 is that only the NSE can
interpret model performance in replicating individually observed
values (Green and van Griensven, 2008):
!

 2
n 
P
Y i;obs −Y obs Y i;sim −Y sim

2

R ¼

i¼1

n 
P
Y
i¼1

i;obs

−Y obs


2 P
2
n
Y i;sim −Y sim
i¼1

where n is number of observation/simulation data for comparisons;
Yi,obs and Yi,sim are observed and simulated data, respectively, on
each time step i (e.g., day or month); and Y obs and Y sim are mean
values for observation and simulation during examination period.
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